Several Internet biosurveillance tools that use population-level trends in Google and other Internet search-engine queries about infectious diseases such as dengue, pertussis, influenza, and norovirus to detect and predict epidemics have been developed in recent years [1] [2] [3] [4] [5] . Google Flu Trends (GFT) is one such biosurveillance tool that estimates weekly trends of influenza activity with an explanatory variable comprising the normalized number of Google searches about a set of influenza-related terms in that region and time [4] . GFT was launched in the United States in 2008 and demonstrated very low error in real-time detection ("now-casting") of weekly US influenzalike illness activity (https://www.google.org/flutrends/about/) [4] . GFT offered a rapid, complementary surveillance signal of influenza activity days before that of traditional surveillance systems, although its optimal role in public health practice has remained an unanswered question since its launch (http:// precedings.nature.com/documents/3493/version/1). GFT was then expanded to a wide range of countries including Argentina, Bolivia, Brazil, Chile, Peru, Mexico, Paraguay, and Uruguay (https://www.google.org/flutrends/about/).
GFT could provide critical information to countries in Latin America to strengthen their ability to detect and control influenza epidemics. Latin America has a substantial burden of influenza [6] and has recently dealt with an influenza pandemic [7] . Timely surveillance is crucial for the control of influenza in this region. For instance, rapid detection of changes in influenza activity can assist in risk communication, promotion of vaccinations, and healthcare resource allocation during influenza epidemics. However, existing surveillance systems in Latin American are not real time and have delays in reporting, laboratory testing, and dissemination of results to key response personnel including clinicians, epidemiologists, and public health officials. Given rising Internet access throughout Latin America [8] , webbased surveillance tools like GFT could provide real-time information about influenza activity, particularly in less affluent countries with limited traditional healthcare and laboratorybased surveillance. Soon after and in the years after its launch, however, marked prediction errors were noted in the US GFT web tool despite several updates of its model [9] . Moreover, it did not perform well in detecting the initial wave of pandemic pH1N1 influenza [9] . By mid-2015, Google ceased public access to GFT, although ongoing GFT access has been granted to select US academic institutions and the Centers for Disease Control and Prevention for refinement of this web tool [10] . Despite issues with its early performance, GFT continues to be used or explored by such organizations for the real-time detection of influenza. More recently, GFT has been combined with nonGoogle data streams for highly accurate now-casting and forecasting of influenza epidemics [11] . In addition, several revisions to the GFT model, including those by external academic groups, have improved its performance [12] [13] [14] .
With the exception of a limited study in Argentina [15] , there are no published studies evaluating the accuracy of GFT in any of the Latin American countries in which the service was offered. Given that GFT was developed in the United States using North American influenza epidemiology and Internet search activity, its performance in non-US regions may be limited, particularly in tropical regions that can have irregular seasonality [16] and particularly in regions in which English is not the predominant language spoken. A careful examination of GFT's performance in Latin American countries may offer valuable lessons for the development and improvement of Internet-based biosurveillance tools. This type of evaluation may be particularly useful at a time when academic and government researchers are redesigning and rethinking GFT algorithms for the United States and beyond.
We determined the annual correlation between weekly Google-predicted and reported influenza virus activity in the 8 Latin American countries in which GFT was offered (Argentina, Bolivia, Brazil, Chile, Mexico, Peru, Paraguay, and Uruguay) and how specific GFT was in detecting influenza activity rather than just shared seasonality. We also examined possible determinants of GFT accuracy, such as international differences in population Internet access, the synchronicity of annual peaks in Googlepredicted and reported influenza activity in each of these countries, and the synchronicity of epidemic onsets between Google-predicted and reported influenza activity in each of these countries. Finally, we sought to examine how well GFT performed on a finer spatial scale, using active communitybased surveillance data from unique influenza cohorts in two locales in Peru.
METHODS

Data Abstraction and Consolidation
The GFT model was originally fit, validated, and refit in the United States using observed influenza-like illness activity data from ILINet [4] . ILINet measures a weekly proportion of health consultations because of influenza-like illness (ILI) among all health consultations seen that week by a network of US sentinel healthcare providers [17] . Because a system like ILINet does not exist in Latin America, we used weekly influenza test-positive proportions reported by the National Ministries of Health to the World Health Organization's FluNet as a metric of influenza activity. This metric has been used as a valid measurement of influenza activity in other Latin American influenza studies in this region [18] and has been used in the validation of GFT in the United States [19] .
Weekly influenza-test positive proportions (respiratory specimens testing positive for influenza divided by the number of respiratory specimens tested for that week) for Argentina, Bolivia, Brazil, Chile, Mexico, Paraguay, Peru, and Uruguay were obtained from the public FluNet web tool [20] for the period 1 January 2011-31 December 2014. Where FluNet indicated "zero" weekly specimens were received by any of these countries for influenza testing, we coded that week as having missing data. Weekly Google-predicted influenza activity in the same countries and time period were then downloaded from the public GFT website that offers archived GFT predictions to the public up to June 2015 (https://www.google.org/ flutrends/about/).
Determination of Correlation Between Google-Predicted and Observed Weekly Influenza Activity
The correlation between trends in weekly Google-predicted influenza activity and weekly FluNet reports for each country and study year was determined using Pearson correlation, which is the most frequent metric of GFT accuracy used in other studies [4, 9, 19] . We also repeated the analysis using Spearman rank correlation for robust estimates of correlation. We arbitrarily classified correlation coefficient values of <0.6 as having low accuracy, 0.6-0.8 as having moderate accuracy, 0.8-0.9 as having high accuracy, and ≥0.9 as having very high accuracy. As a sensitivity analysis, we also repeated this correlation analysis with weeks for which FluNet indicated zero weekly specimens were received coded as having zero reported influenza activity for that week.
At least part of the correlations between observed and Google-predicted weekly influenza activity data may have been driven by seasonal autocorrelation (ie, coincidentally correlating seasonal trends of two time series) and not specific for influenza activity. To explore this, we also sought to determine the background seasonal correlation between GFT and FluNet trends. This was determined by comparing the distribution of the correlation between 1000 yearly permuted versions of the weekly GFT time series and the weekly FluNet time series (for the entire period 2011-2014), yielding estimates of the mean and 95% confidence intervals of the background seasonal correlation [21] .
Exploring Association Between Country Latitude and Country Internet Access With Magnitude of GFT-FluNet Correlation
We hypothesized that temperate countries with regular influenza seasonality had better GFT accuracy compared with tropical countries with more complex seasonality [16, 22] . We tested this hypothesis through autocorrelation analysis, which determined in which countries GFT relied on a regular temperate influenza seasonal pattern for a substantial part of its accuracy. We also tested the hypothesis that GFT performed better in countries with greater Internet access by comparing GFT-FluNet correlation magnitude with estimated population Internet access by Spearman rank correlation analysis. The mean published World Bank estimates of Internet access for each country for the period 2011-2014 (Supplementary Figure S1) were used as a measurement of population-level Internet access in each of the studied countries (http://data.worldbank.org/indicator/ IT.NET.USER.P2).
Comparison of the Performance of GFT Versus a Simple Autoregressive Predictive Model
We further evaluated the performance of GFT in each country by comparing it with the performance of a simple autoregressive (AR1) model in which the previous week's observed influenza activity was used as a naive predictor of the following week's influenza activity, which is an example of an AR1 model. Pearson correlation between the AR1-predicted and observed influenza activity for a given week was determined for each country across the study period 2011-2014.
Assessing Synchronicity Between Google-Predicted and Observed Influenza Annual Epidemic Peak Timing and Annual Epidemic Onset Timing
We determined the synchronicity of Google-predicted peak influenza activity with reported FluNet peak influenza activity in each country by counting the number of weeks between the time of Google-predicted and observed epidemic peaks. We also determined the synchronicity of Google-predicted influenza epidemic onset timing with observed FluNet influenza epidemic onset timing by counting the number of weeks between the time of Google-predicted and observed epidemic onset. An epidemic period was defined as a period when median influenza activity was greater than the annual weekly median for at least 8 weeks, and the onset week was defined as the first week in that period [16, 22] . For countries within the Southern Hemisphere (Bolivia, Brazil, Peru, Argentina, Chile, Paraguay, and Uruguay), these assessments were conducted for each January-December yearly period. For Mexico, which experiences influenza epidemics during the Northern Hemisphere winter, these assessments were repeated for each July-June yearly period [16, 22] . Assessments of synchronicity between Googlepredicted and observed peaks and epidemic onset times were only attempted in years when correlation was statistically significant and of at least a moderate magnitude (r > 0.6).
Validation Figure S2] ) and because FluNet does not report subnational data, we tested the correlation between subnational weekly GFT trends in Cusco and Lima, Peru (https://www.google.org/flutrends/ about/) and prospectively collected weekly adjusted influenza incidence data from 2 community-based cohorts in Lima and Cusco, Peru, available from 1 January 2011 to 26 July 2014. The details of these community-based surveillance studies are described elsewhere [23, 24] .
All analyses were performed with Stata version 13.1 (Stata Corporation, College Station, Texas) and R version 3.1.2 [25] .
Ethical Considerations
The Naval Medical Research Unit 6 and the University of California, San Francisco, institutional review boards approved this study as non-human subjects research.
RESULTS
Across all countries and years, the correlation between weekly Google-predicted and observed influenza activity was highly variable, ranging from r = −0.53 to 0.91 (Table 1, Figure 1 ). Most correlations (24/32) were statistically significant (Table 1) . Correlation was poor (r < 0.6) in 18/32, high (r = 0.8-0.9) in 3/32, and very high (r ≥ 0.9) in only 1/32 of the time periods studied (Table 1) . In only four of the eight countries (Argentina, Mexico, Chile, and Uruguay), correlations were statistically significant across all years (Table 1) . Supplementary Table S3 presents the same correlations determined by Spearman ρ, with broadly similar conclusions. Figure 2 present the correlations between the weekly observed and Google-predicted influenza activity across the entire 2011-2014 study period for each country. Table 2 also presents the correlation between the permuted GFT time series data with weekly FluNet data from each country to account for possible autocorrelation. Taken across the entire study period, GFT best correlated with influenza activity in Mexico followed by Uruguay, Argentina, Chile, Brazil, Peru, Bolivia, and Paraguay (Table 2) . Correlation was highest in temperate countries (Figure 2) . The association between GFT-FluNet correlation and estimated population-level Internet access had borderline statistical significance (Spearman ρ = 0.69, P = .06). A sensitivity analysis with FluNet-reported influenza activity coded as zero for those weeks that reported zero specimens received for influenza testing (rather than missing) did not substantively change the FluNet-GFT correlation.
Repeat analysis using the permuted GFT data over the entire study period (Table 2 ) demonstrated statistically significant autocorrelation in all countries except for Paraguay. The magnitude of seasonal autocorrelation was highest in Argentina, Mexico, Chile, and Uruguay, suggesting that GFT performance in such temperate regions is, in part, correlated with observed FluNet influenza trends because of shared winter seasonality, rather than specifically detecting weekly fluctuations in influenza activity. The AR1 model outperformed GFT in each studied country, although there was considerable overlap in the confidence intervals around the GFT-FluNet and AR1-FluNet correlations in Uruguay. Table 3 shows the time difference between Google-predicted and observed influenza epidemic onset. Excluding years when there was poor GFT-FluNet correlation (r < 0.6), there were 4 instances when the GFT-predicted epidemic onset preceded the observed onset of an epidemic period and 1 when the GFT-predicted onset of an epidemic period was synchronous with an observed epidemic onset. Table 4 shows the time difference between peak Google-predicted and observed influenza activity. Of the 15 study periods where there was enough GFT-FluNet correlation to make a meaningful inference from the calculated difference in Google-predicted and observed epidemic peaks, there were 4 instances when there was a precise synchronicity between peaks (zero weeks difference). In 4 instances, GFT preceded the peak influenza epidemic activity by 1 to 4 weeks.
When examined on a finer spatial scale in Lima and Cusco, correlation between Google-predicted and observed influenza activity was poor (r = 0.23 and 0.22, respectively; Table 2 ). Given such poor correlation, we were unable to assess the synchronicity between peak Google-predicted and peak observed influenza activity in these two regions of Peru, and we were unable to meaningfully compare how GFT predicted the onset of the epidemic season in these locales.
DISCUSSION
We note major, frequent inaccuracies with GFT-predicted influenza activity compared with observed FluNet influenza virus surveillance in eight Latin American countries, particularly in tropical regions and countries with limited Internet access. While FluNet also has limitations, including differences in weekly FluNet sampling density and reporting between countries, we note that GFT also performed poorly when compared with active community-based influenza surveillance. Use of national aggregate FluNet data may be limited for Brazil in particular due to its marked geographic size and broad ecological and demographic diversity. An AR1 model markedly outperformed GFT in each country. However, typical delays of 1-2 weeks for preliminary FluNet data in Latin America underscore that AR1 models in real-world practice are limited and emphasize the value of real-time estimates from Internet biosurveillance systems such as GFT.
GFT performed best in more temperate regions with more regular seasonality (ie, Argentina, Mexico, Chile, and Uruguay), with a considerable amount of its predictive performance accounted for by seasonal autocorrelation. This suggests that GFT is nonspecific for influenza and is a "part-influenza, part-winter detector" in many parts of Latin America [26] .
Beyond seasonal autocorrelation, GFT's better performance in the more temperate countries of the Americas could also be explained by greater Internet access. Those nations with the poorest GFT-FluNet correlations (Bolivia, Paraguay, and Peru) also had the least population Internet access compared with the other countries studied (Supplementary Table S1 ). Further, all Latin American countries studied have less Internet access compared with the United States [8]; this may, in part, account for the generally superior performance of GFT in the United States compared with Latin America [4, 9] . A quantitative analysis of the apparent association between country Internet access and GFT-FluNet correlation seems to support this notion, albeit with weak statistical support (Spearman ρ = 0.69, P = .06).
There may be other reasons why GFT-FluNet correlation is higher in certain countries, and there may be many unmeasured Google-predicted and observed influenza activity too poor (r < 0.6) to determine differences between observed and predicted peaks. b For countries in the Northern Hemisphere, synchronicity of Google-predicted and observed peak influenza peak activity assessed in a previous July through June of stated year time period.
confounders that account for GFT-FluNet correlations being higher in certain regions. For instance, the variable accuracy of GFT throughout the Americas may perhaps be the result of differences in local Google search behavior, including the language used for Google searching. This may be a particular source of error if Google merely extrapolated its US-developed model coefficients and predictor terms to non-US countries rather than fitting and validating a local Google model based on local influenza epidemiology, Internet search behavior/ ontology, and languages. Future development of revamped country-specific GFT tools would be an interesting avenue for future research.
In those cases where correlation was sufficient to perform further analysis, GFT did occasionally provide a synchronous now-cast of peak influenza activity. GFT performed better at now-casting the start of an epidemic period of influenza activity, although this, too, could only be assessed in the minority of cases because of the overall poor correlation between GFT and influenza activity documented through traditional surveillance.
This validation study comes with a caveat that influenza test-positive proportions were used as the metric of observed influenza activity. Influenza test-positives are a different marker of influenza activity compared with that used for fitting and validating the GFT models in the United States, that is, the proportion of ILI among all outpatient visits to the ILINet sentinel network [4] . However, a study in the United States found that the correlation of influenza activity measured by a weekly influenza test-positive proportion metric (CDC Virus Surveillance) and ILI syndromic surveillance (ILINet) was high (0.85, 95% confidence interval, .81, .89) [19] . A further limitation of influenza test-positive proportions is that they are most useful for examining influenza trends within countries rather between countries, and we were unable to determine if relative influenza burden was a predictor of GFT performance across countries.
Our findings emphasize that caution should be used when interpreting the findings of Google-based digital influenza surveillance in Latin America. Our results also provide important lessons for the improvement of Internet-based biosurveillance methods globally, including future versions of GFT, for these and other low-to middle-income regions. Such lessons include careful assessment for seasonal autocorrelation, caution in extrapolating predictive models developed in one country to other regions of the world, and transparency of model predictor terms and coefficients as part of the validation process. Our findings also serve as a useful baseline validation of the performance of the current GFT model in Latin America. This information should be considered before potential revisions to the model are adopted and combined with non-Google data to improve its performance as exemplified in recent US studies [11] [12] [13] [14] .
